Numerous empirical scoring schemes are arbitrary, yielding contradictory results for different protein inhibitor families. This study is aimed to validate the predictive potential of alternative nonempirical model of inhibitory activity based on first principle quantum chemical results for new class of small molecules targeting the menin-mixed lineage leukemia (MLL) interaction. Presented nonempirical interaction energy model comprising long-range electrostatic multipole and approximate dispersion terms is universal and computationally affordable, outperforming a number of commonly used empirical scoring functions, especially when combined with analysis of solvation energy.
Introduction
Computational methods used to estimate the inhibitory activity are mostly based on arbitrary empirical scoring functions or force fields that provide rather differing estimates [1, 2] . More accurate quantum chemical predictions are impractical in virtual high-throughput screening of drug candidates due to their significant computational cost, and therefore their applicability to protein-ligand interactions has been rather limited [3, 4] . Therefore, simplified nonempirical models for the description of inhibitory activity are needed. They can be derived from the systematical partitioning of the ab initio computed interaction energy into welldefined contributions, yielding approximate nonempirical yet affordable models of general applicability.
The specific binding of mixed lineage leukemia (MLL) or MLL fusion proteins to menin results in acute MLL leukemias [5] that are considered mostly incurable [6] [7] [8] . This protein-protein interaction (PPI) has been validated as a therapeutic target in MLL leukemias with both genetic [5] and pharmacological methods [9] [10] [11] [12] [13] , and inhibition of the menin-MLL interaction seems to be very important for development of targeted therapy against this subtype of aggressive leukemias.
Recently [14] , we have demonstrated that menin-MLL inhibitors can be successfully described with nonempirical model based on the long-range components of the interaction energy, namely multipole electrostatic and approximate dispersion. Not only our model was able to correctly rank novel compounds, but it was also revealed that the main force responsible for binding of these compounds to menin was the electrostatic interaction. These previously identified inhibitors (thienopyrimidines), with a lead compound MI-2-2, directly interacted with menin in the MLL binding site with low nanomolar affinity [9, 10] . As it has been subsequently shown, this class of menin-MLL inhibitors was inefficient in vivo [12] . As a result, the inhibitors of menin-MLL interaction were further developed by Grembecka et al., and another class of these inhibitors was introduced. This work aims at the analysis of the novel class of menin-MLL inhibitors described in Ref. [12] , which are analogs of the lead compound MI-136. Both classes of menin-MLL inhibitors are compared in Methods Section.
Similar analysis of EphA2-ephrin A1 inhibitors [15] , another class of compounds targeting protein-protein interaction, has revealed that nonempirical models based on enthalpic contributions to the binding energy are limited to the sets of inhibitors with similar values of the solvation free energy, G solv . The initial G solv calculations have shown that our model cannot be applied to the full set of inhibitors, and therefore, we have finally selected only those compounds, whose solvation energy is comparable. The analysis of solvation energy of the analyzed compounds prior to interaction energy calculations could be performed to determine the applicability of our scoring model in given case.
Methods

Preparation of complexes
The analyzed inhibitors are shown in Table 1 . The common scaffold encompasses a thieno [2,3-d] pyrimidine, piperidine and indole ring systems with different R1, R2 and R3 substituents on indole. Therefore, to limit the computational cost, only indol with -CH 3 group on carbon C5 and R1, R2 and R3 substitution was taken into account. The part of the scaffold not included in the calculations is marked in gray in Table 1 .
The crystal structures of menin in complex with MI-503 (PDB accession code 4X5Y [12] ; 1.59 Å resolution) or MI-136 (PDB accession code 4X5Z [12] ; 1.86 Å resolution) were selected as relevant for the analysis of binding of inhibitors listed in Table 1 . The main difference between these complexes, as shown in Fig. 1 , is related to the positioning of Glu363 and Glu366 residues, since the side chains of both glutamic acid residues need to shift in order to accommodate the MI-503 compound with rather large substitution at R3 position. Thus, all compounds possessing R3 substituents (compounds 18-26) were modeled on the basis of compound 27 (MI-503). The remaining inhibitors (11) (12) (13) (14) (15) (16) (17) were modeled on the basis of compound 9 (MI-136).
Both hydrogen and the missing heavy atoms of all compounds considered herein were added with Schrödinger Maestro program [16] , and their positions were minimized with OPLS 2005 force field [17] . Building and optimization of the protein hydrogen atoms were performed following the Protein Preparation Wizard [18] protocol, as applied to both protein structures, i.e., 4X5Z and 4X5Y. Determination of the optimal hydrogen bonding was carried out with Maestroimplemented PROPKA [19] [20] [21] [22] .
Subsequently, to obtain more reliable positions of amino acid residues surrounding the compounds 11-26, the corresponding complexes were solvated with TIP3 water model [23] and reoptimized in CHARMM program [24] (version c36b1). Both CHARMM General Force Field v. 2b7 [25] and CHARMM22 All-Hydrogen [26] [27] [28] force field parameters were used. Missing parameters for compounds 11-26 were generated with CGenFF program at http://cgenff .param chem.org [25, [29] [30] [31] (interface version Amino acid residues representing menin binding site (Fig. 2) were selected based on the distance from inhibitors. Except for Glu363 residue, all the first-shell amino acid residues surrounding the inhibitor fragments were included in the binding site model. Due to flexibility of this particular residue, its solvent exposition and the undertaken optimization protocol, Glu363 was not optimized correctly as the proper orientation toward inhibitors was not obtained in case of each complex. The proposed binding site representation consists of 8 amino acid residues, namely nonpolar Met322, Ala325, Gly326, Trp341, Val367, Val371 residues, polar Tyr323 residue and negatively charged Glu366 residue.
Peptide bonds between the following pairs of residue: Glu366-Val367, Ala325-Gly326 and Met322-Tyr323 were not cut to conduct interaction energy calculations. The remaining residues (Trp341 and Val371) were included separately. Dangling bonds resulting from cutting the amino acid residues out of the protein structure were filled with hydrogen atoms minimized in Maestro [16] 
Ab initio binding energy calculations
Binding energy between menin and inhibitors was calculated within the Hybrid Variation-Perturbation Theory (HVPT) [32, 33] . This method allows to analyze the physical nature of interactions within relatively large systems at a reasonable computational cost [34] [35] [36] [37] [38] [39] . The HVPT scheme of the interaction energy decomposition defines partitioning of the second-order Møller-Plesset binding energy ( E MP2 ) into the electrostatic multipole ( E
) and correlation ( E . The first-order repulsive exchange term, E ( 
10) EX
, is obtained as the difference between the firstorder Heitler-London energy, E (10) , and the total electrostatic interaction energy, E ( 
10) EL
. The higher order delocalization energy, E (R0) DEL , represents the classical induction and charge transfer terms. It is calculated as E (R0) DEL = E SCF − E (10) , where E SCF stands for the counterpoise-corrected self-consistent field (SCF) variational energy. The correlation term, E (2) CORR , is the difference between the second-order Møller-Plesset interaction energy, E MP2 , and the converged SCF energy,
It accounts for dispersion and exchange-dispersion interactions as well as intramolecular correlation contribution. More details can be found in our previous papers (e.g., see Refs. [14, 41] ). All of the subsequent corrections to E MP2 interaction energy [Eq. (1)] could be categorized into long-and short-range interactions varying with the intermolecular distance, R, as R −n and e − R , respectively.
The interaction energy between each residue (Trp341 and Val371 monomers or Glu366-Val367, Ala325-Gly326 and Met322-Tyr323 dimers) and each inhibitor fragment was calculated with a modified version [33] of the GAMESS program [42] using the 6-31G(d) [43, 44] basis set. The counterpoise correction was applied to avoid basis set superposition errors [45] . Multipole electrostatic energy terms were calculated using the Cumulative Atomic Multipole Moments (CAMM) approach [46] (implemented in GAMESS) based (1) 
Solvation energy calculation
G solv was calculated in Gaussian09 with Polarizable Continuum Model (PCM) using the integral equation formalism variant (IEFPCM) [49] [50] [51] . MP2/6-31G(d) level of theory was applied. ExternalIteration [52, 53] , DoVacuum and SMD [54] options were employed in the course of single point calculations performed for geometries obtained at the preparation stage (Sect. 2.1).
Empirical scoring
To serve as a comparison to the nonempirical approach, empirical scoring was performed with a variety of scoring functions including ChemPLP from PLANTS docking program [55] and LigScore, LS [56] , Picewise Linear Potential, PLP [57, 58] , Jain [59] , Potential of Mean Force, PMF [60, 61] and Ludi [62, 63] implemented in Discovery Studio 2017 [64] . In all these cases, the scoring was performed with a 8 Å radius sphere centered on the ligand. In addition, scoring with AutoDock Vina was performed. It involved PyMOL [65] and PyMOL AutoDock/Vina plugin [66] for preparation of the receptors and inhibitors and was carried out with 10 Å cubic grid centered on the ligand. All these calculations involved only scoring of the compounds' poses without any re-docking. In contrast to the nonempirical models applied herein, all mentioned docking and scoring programs required the usage of full protein structures.
The performance of a particular scoring method, either nonempirical or empirical, was evaluated by means of the Pearson's correlation coefficient calculated with respect to the experimentally determined inhibitory activity [12] . The results were also compared in terms of the success rate of prediction, N pred (predictability), which refers to the percentage of concordant pairs among all possible pairs of complexes within a given set (nonparametric statistics). A concordant pair denotes two complexes with computationally evaluated relative stability being of the same sign as the relative experimental binding affinity (see Ref. [67] for details).
Results and discussion
Comparison of menin-MLL inhibitor classes
In this work, a novel class of menin-MLL inhibitors, developed on the basis of previously examined thienopyrimidines [14] , is analyzed. A significant modification of the scaffold of these compounds involved introducing a cyano-indole ring, which is connected to the thienopyrimidine moiety with a piperidine linker. On the basis of the lead compound MI-136 (Table 1) , the substitutions on the indole ring were explored [12] . Comparison of the most potent inhibitors representing each class is given in Fig. 3 .
As already discussed, the inhibitors in this study were truncated to the substituted indole part of the scaffold. It seemed vital for the efficiency of ab initio calculations, since the size of novel inhibitors nearly doubled compared to the previously studied class of compounds.
Importantly, the binding sites of both classes of menin-MLL inhibitors overlap only partially (Fig. 4) . The common part involves the thienopyrimidine and piperidine moieties, which are omitted in current study to decrease the computational cost. The substituted indole fragment considered herein is positioned beyond the binding site analyzed previously [14] . In fact, after exclusion of incorrectly modeled Glu363 residue (marked in yellow in Fig. 4) from the model examined, only Tyr323 residue is present in both binding site representations. Moreover, in contrast to previous model [14] , in which charged or polar amino acid residues were abundant, this time the binding site representation comprises mostly hydrophobic amino acid residues (Val367, Val371, Met322, Ala325, Trp341) and only one charged Glu366 a b (blue and red, respectively) in their corresponding menin binding sites; **Glu363 residue shown in yellow was excluded from the model analyzed herein since it was not positioned correctly. It was present in the previous study [14] (the corresponding Glu363 conformation is given in blue); *Tyr323 is the only amino acid residue present in both studies residue is present. This suggests a different nature of interactions between these two inhibitor classes and their respective menin binding sites.
Solvation energy of inhibitors
As an initial assessment of the applicability of nonempirical models to the chosen inhibitors' set, solvation free energy, G solv , was computed (Fig. 5) . Since theoretical models applied herein are restricted to the enthalpic contribution to the binding free energy, their performance is limited to the analysis of compounds with similar solvation energy. According to our recent results obtained for protein-protein inhibitors targeting EphA2-ephrin A1 interaction [15] , large differences in the ligand solvation energy limit the applicability of the nonempirical models tested herein. On the other hand, roughly comparable values of solvation free energy of inhibitors, as demonstrated by relatively low standard deviation of G solv values, appear to ensure that the nonempirical models operating on the basis of enthalpic contribution provide reasonable inhibitory activity estimates. Therefore, monitoring the differences in solvation free energy within the analyzed group of inhibitors prior to the interaction energy calculations could indicate whether the nonempirical model could be applied to the entire set of compounds. Nevertheless, this estimate should be treated with caution as the results provided by various solvation models do not necessarily give exact solutions [68] [69] [70] .
Standard deviation of the solvation free energy values demonstrated in Fig. 5 is equal to 4.3 kcal ⋅ mol
, indicating the presence of differences that might affect the performance of the nonempirical models based on the interaction energy values. However, for a reduced set of 11 inhibitors obtained by omitting the compounds with the extreme differences in G solv values (compounds 9, 13, 14, 15, 18, 24 and 25; see Fig. 5 ), the value of standard deviation of solvation free energy is decreased to 2.1 kcal ⋅ mol −1
. Accordingly, nonempirical models employed in what follows are more likely to be predictive when applied to the reduced set of inhibitors. Admittedly, such a selection of ligands based on G solv differences is rather an arbitrary approach, where inhibitors could be excluded iteratively to reach even lower standard deviation values and, probably, better predictive abilities of the nonempirical approach. However, more extensive elimination of the compounds to lower the value of the G solv standard deviation does not necessarily result in a significant improvement of the performance of the nonempirical models of inhibitory activity, as determined by monitoring of the changes in the correlation coefficient between the given interaction energy model and the experimental binding potency (see below). While the latter will be discussed in the subsequent section in more details, it should be noted here that further limiting of the size of the reduced set of inhibitors (i.e., excluding more that 7 compounds marked in Fig. 5 ) results in only minor improvement of the correlation coefficient values, despite the significant drop in the G solv standard deviation. Presumably, the nonempirical models employed herein are characterized by some inherent level of precision, arising from the structural accuracy of the complexes undergoing analysis. Due to certain approximations and/or assumptions undertaken while modeling the geometries of the receptor-ligand complexes, it would be unreasonable to expect that the computational model could provide perfect agreement with the experimental data. Our results seem to demonstrate that sensitivity of the selection of the inhibitors based on the G solv differences is limited, as some variability of the latter is still allowed without the loss of the performance of the nonempirical approach.
Interaction energy derived with nonempirical methods
Nonempirical results of interaction energy computed for all inhibitors are given in Table 2 . To verify the performance of the particular level of theory in terms of predicting the experimental binding potency, experimentally established inhibitory activity [12] was employed to determine the Pearson correlation coefficient (R) and percentage of successful predictions ( N pred ). As assumed initially, the correlation between the experimental and computational results was observed only for the reduced ( R (r) ) set of compounds featuring the solvation free energy comparable throughout that group. This finding is further supported by the increased values of the success rate of prediction derived for the reduced set of compounds, N pred (r) ( Table 2) . As indicated by significant correlation coefficient ( R = − 0.78 ) and the highest N pred value (81.8%), obtained for both the E SCF and the most robust MP2 level of theory, the binding of this class of menin-MLL inhibitors appears to be governed rather by delocalization and dispersion contributions than by the electrostatic interactions only. It can be seen in Table 2 that E (10) EL term within the reduced set of inhibitors is associated with R (r) value of −0.61 , suggesting a weaker relationship between binding energy at this particular level of theory and the experimental binding potency. This is in contrast to the thienopyrimidine class of menin-MLL inhibitors studied before [14] , in which case it was the electrostatic interaction that was dominant. The different physical nature underlying the binding within these two sets of menin-MLL inhibitors seems to stem from the differences in the binding site composition (mostly nonpolar amino acid residues versus charged or polar binding site model in a previous work [14] , see Fig. 3 ). Despite the significant contribution of the correlation energy that manifests itself in the large difference between the E MP2 and E SCF levels of theory (Table 2) , the dispersive interactions do not seem to influence the relative binding strength; that is, their contribution is essentially similar within the reduced set of menin-MLL inhibitors.
Another difference concerning the molecular basis of binding of the two inhibitor classes is that including the repulsive exchange term, E ( 
10) EX
, actually improves the inhibitory activity predictions, as the correlation coefficient associated with E (10) energy exceeds the value characterizing the E (10) EL term ( R (r) values for E ( 
10) EL
and E (10) levels of theory are equal to − 0.68 and − 0.80 , respectively; see Table 2 ). This is in sharp contrast with the results obtained for thienopyrimidine menin-MLL inhibitors that featured the complete loss of the predictive abilities upon including the exchange term [14] . In that previous case, the short-range components of the interaction energy appeared to be exaggerated, probably due to the presence of the excessively short intermolecular contacts. While the positive values of E (10) interaction energy observed herein (Table 2 ) might also suggest suboptimal positioning of the Inhibitor pIC 50 50 inhibitors relative to the binding site residues, including the short-range exchange term seems to be important for proper modeling of the inhibitory activity. The approximate model of interaction energy, E (10) EL,MTP + E Das , comprising multipole electrostatic and approximate dispersion, is described by a rather moderate correlation coefficient ( R = − 0.62 ) or the percentage of correct predictions ( N pred = 70.9% ), which are similar to the values obtained for the electrostatic interaction energy. Nevertheless, due to low computational cost, comparable to that of empirical scoring functions, and the lack of arbitrary empirical parameters, this particular model could still provide qualitative estimates of the binding potency.
Empirical scoring
The results of scoring with empirical functions are compared in Table 3 with the E SCF and E (10) EL,MTP + E Das energy values. It is clear that for the full set of inhibitors, all of the employed scoring functions fail to properly reproduce the experimental ranking of the inhibitory activity, either in terms of the correlation ( R (f) ) or predictability ( N pred (f) ). In the reduced set of ligands encompassing the inhibitors with similar solvation energy, only three empirical scoring functions appear to possess the predictive capabilities, as the R (r) values of PLP2, PLP1 and AutoDock Vina exceed − 0.6 (Table 3 ). The set of inhibitors studied herein appears to be particularly challenging in terms of obtaining the proper ligand ranking, as most of the empirical scoring functions tested currently were capable of providing at least the qualitative estimates of the inhibitory activity of thienopyrimidine class of menin-MLL inhibitors [14] . Despite the difficulties in predicting the binding potency of the current series of menin-MLL inhibitors with empirical scoring functions, the ab initio self-consistent field energy, E SCF , yields the best estimate of the inhibitory activity from all of the proposed models. The performance of the E 
Conclusions
In this study, the nonempirical model of inhibitory activity is validated for the new complexes of menin-MLL inhibitors, which were modeled on the basis of previously examined thienopyrimidines [14] . The modification accounted for an introduction of a cyano-indole ring, connected to the thienopyrimidine moiety with a piperidine linker. The substitutions on indole proposed in Ref. [12] were analyzed herein. A systematic series of quantum chemical calculations of the interaction energy at the consecutive levels of theory and subsequent comparison of the binding energy with the experimental activity of the menin-MLL inhibitors has revealed a significant correlation for the most robust E MP2 interaction energy. The same performance was obtained by more affordable E SCF binding energy. Satisfactory correlation was achieved for the electrostatic level of theory ( E ( 
10) EL
). These findings suggest that in case of the analyzed class of menin-MLL inhibitors both delocalization and dispersion interactions are important for correct representation of the binding potency. This is in contrast to our findings from previous study on thienopyrimidine class of menin-MLL inhibitors [14] , in which the electrostatic interactions were vital for the description of the relative binding strength. Our results reflect the nature of different binding site representations: Previously studied model of menin binding site [14] could be assumed polar (with numerous charged and polar amino acid residues), and the model presented herein was rather nonpolar (abundant hydrophobic residues).
In order to achieve significant correlation between the theoretical models and experimental inhibitory activity, the solvation free energy should be comparable across the series of analyzed compounds. After limiting the analyzed set of inhibitors to those exhibiting similar G solv values, the correlation between the inhibitory activity and the interaction energy on each level of theory has been obtained. Importantly, reasonable estimates of the binding potency within the reduced set of ligands were achieved only with a number of empirical functions, while most of the empirical approaches tested herein failed to reproduce the experimental inhibitory activity. Noticeably, that currently available solvation energy estimates are not always reliable [68, 69] and further progress in this area could facilitate our methodology.
Although the predictability of E (10) EL,MTP + E Das model is moderate in the case of this particular set of menin-MLL inhibitors, it still outperforms most of the empirical scoring functions used for comparison. Therefore, it could be useful in structure-based development of novel inhibitors, including PPI inhibitors, for which it is challenging to provide satisfactory predictions of ligand binding affinity with currently available scoring functions.
